We develop a new approach for estimating mutual fund performance that controls for both factor model betas and stock characteristics in one measure. Our double adjustment procedure shows that fund returns are significantly related to stock characteristics in the cross section after controlling for risk via factor models. Compared to standard mutual fund performance estimates, the new measure substantially affects performance rankings, with a quarter of funds experiencing a change in percentile ranking greater than ten. Double-adjusted fund performance persists a full nine years after the initial ranking period, much longer than standard performance. Moreover, inference based on the new measure often differs, sometimes dramatically, from that based on traditional performance estimates.
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The performance evaluation of mutual fund managers is an enduring topic within financial economics. At the core of any performance analysis is the model used to determine the fund's benchmark. Among the alternative techniques utilized over the years, the factor model regression approach of Jensen (1968 Jensen ( , 1969 and, more recently, Carhart (1997) and the characteristic-based benchmark approach of Daniel et al. (DGTW, 1997) stand out for their simplicity, intuitive interpretation, and widespread use. Both approaches are parsimonious, yet control for major influences identified in the empirical asset pricing literature as significantly affecting the cross section of stock returns.
For example, both the Carhart (1997) and DGTW approaches control for fund exposure to varying degrees of stock market capitalization, book-to-market ratio, and momentum stocks, either via factor model betas, as in Carhart, or via benchmark portfolio returns, as in DGTW.
Evaluating a fund by either approach provides insight into the types of stocks held by the fund through the regression factor loadings or specific characteristic benchmarks, while at the same time identifying a return hurdle for the fund commensurate with its stock portfolio.
The parsimonious structure of the models, however, has its drawbacks. For instance, factor models are imperfect, particularly vis-à-vis stocks with outlier characteristics. Fama and French (1996) , for example, show that extreme small cap growth stocks show negative performance relative to their three-factor model. Consequently, a fund manager that holds small cap growth stocks might perform poorly when evaluated via a multi-factor Fama French or Carhart type of regression model, even absent poor stock selection skill (e.g., if their mandate is to invest in small cap growth stocks). Holding stocks with extreme characteristics poses similar issues for the DGTW measure because the typical DGTW implementation uses coarse quintile sorts to ensure well-populated benchmark portfolios.
Recently, the empirical asset pricing literature has examined the incremental effect stock characteristics have on the cross-section of stock returns beyond what is captured by factor model betas. That is, after controlling for risk in a Fama-French type of regression, for example, does a cross-sectional relation exist between residual returns and the stock's market capitalization? Brennan, Chordia, and Subramanyam (1998) and Chordia, Goyal, and Shanken (2013) find that characteristics such as market capitalization, book-to-market ratio, momentum, and liquidity are all statistically significantly related to average returns after controlling for factor model betas. That is, cross-sectionally, stock returns remain related to market capitalization, for example, even after controlling for market capitalization via Fama and French's (1993) SMB factor. In the context of mutual fund performance, these findings suggest that some of the abnormal performance previously identified via Fama-French or Carhart type regressions could be attributable to stock characteristics, rather than manager skill.
In this paper, we utilize in a mutual fund context the insight from the empirical asset pricing literature that both factor loadings and stock characteristics help explain the cross section of stock returns. We do so by developing a new mutual fund performance measure that controls for both types of influences. We base our measure on a two-step procedure, where we sequentially control first for exposure to factors and then for the characteristics of a mutual fund's stock holdings. Specifically, we compute Carhart (1997) four-factor alphas for a sample of funds and then regress cross sectionally the four-factor alphas on fund portfolio holding characteristics (i.e., fund portfolio value-weighted averages of market capitalization, book-tomarket, and six-month momentum). Based on the cross-sectional regression estimates, we decompose the standard four-factor alpha into two components: (i) double-adjusted performance, which we define as the sum of the intercept and a fund's residual from the cross-sectional regression, and (ii) characteristics-driven performance, the component attributable to exposure to stock characteristics, estimated as the difference between standard four-factor alpha and doubleadjusted performance.
Just as Brennan, Chordia, and Subramanyam (1998) and Chordia, Goyal, and Shanken (2013) find that characteristics explain the cross-section of stock returns after controlling for exposure to risk factors, we find that standard alpha measures from factor model regressions of mutual fund returns are significantly related in the cross section to the characteristics of mutual fund portfolio holdings. For instance, funds in the bottom quintile of stock size (i.e., those holding the smallest market capitalization stocks) have an annualized four-factor alpha that is 1.1 percent (t-stat.=2.5) greater than the alpha of funds in the top quintile. Funds in the top quintile of stock momentum (i.e., those holding the highest momentum stocks) have an annualized fourfactor alpha that is 2.9 percent (t-stat.=5.4) greater than funds in the bottom quintile. Thus, funds can show higher relative performance based on standard four-factor alpha by passively loading on characteristics, even when those characteristics are explicitly addressed in the factor model.
To address the above issue with standard factor model performance estimates, we perform a second pass cross-sectional adjustment and remove from standard alpha measures the component of performance attributable to characteristics. Our double-adjusted performance measure provides a cleaner estimate of true fund skill, to the extent that it controls for the passive effects associated with stock characteristics that are not addressed by the factor models. We find that about a quarter of a typical fund's standard four-factor alpha is attributable to stock characteristics conditional on double-adjusted and characteristics-driven components of the same sign. More importantly, we find that our second pass adjustment procedure impacts inference associated with relative fund performance, sometimes quite dramatically.
To provide some economic insight into the degree to which the second pass control impacts relative performance, we find a median percentile ranking change of about five percent.
For example, a fund that ranked in the 50th percentile based on the standard Carhart four-factor alpha ranks in the 45 th or 55 th percentile after the second pass characteristics control. As a point of comparison, the median percentile ranking change from a Fama-French three-factor alpha to the Carhart four-factor alpha is three percent. Moreover, many funds experience extremely large percentile changes, as ten (five) percent of funds experience a change in performance percentile greater than 17 (22) percent.
Changes in performance of this degree can obviously affect the interpretations one takes away from analysis that focuses on relative fund performance, which is central to much of the mutual fund performance literature. For example, studies of performance persistence examine consistency in relative fund rankings over time (e.g., Carhart (1997) , Bollen and Busse (2005) ).
Ranking funds based on standard four-factor performance, we find weak evidence of long-term performance persistence, largely consistent with Carhart (1997) . By contrast, after controlling for both factor exposure and characteristics, we find that double-adjusted performance persists a full nine years after the initial ranking period. Thus, after removing the portion of performance attributable to the characteristics of portfolio holdings, we document new evidence that mutual fund skill persists over long periods of time. We also find strong evidence of short-term persistence (i.e., over the next month) via our new measure, where past top performing funds generate statistically significant positive performance in the future.
Beyond performance persistence, studies that emphasize relative fund performance include numerous analyses that relate performance to a particular fund feature, such as industry concentration (Kacperczyk, Sialm, and Zheng (2005) ), the difference between the reported fund return and holdings-based return (i.e., return gap, Kacperczyk, Sialm, and Zheng (2008) ), tendency to deviate from a benchmark (e.g., active share as in Cremers and Petajisto (2009) ), or factor model regression R-squared (Amihud and Goyenko (2013)), among many others. When we use standard four-factor alpha performance measures, we confirm the major findings of these earlier mutual fund studies. However, after we adjust for the characteristics of the funds' stock holdings in the second stage of our measurement procedure, we find important changes that affect the way we interpret the results. For instance, we find no significant relation between a fund's industry concentration and our double-adjusted performance. We also find that the significant relation between a fund's standard four-factor alpha and its active share or factor model R-squared disappears after further adjusting standard performance for fund portfolio characteristics.
Taken together, our results suggest that it is fund exposure to particular stock characteristics that drive many of the relations documented in the literature. Furthermore, our results suggest that many prior findings are not driven by fund skill, to the extent that our double adjustment produces a cleaner measure of true fund skill. While it is debatable whether or not fund managers actively choosing to emphasize certain stock characteristics in their portfolios is a specific dimension of skill, it seems difficult to argue for an approach that only partially adjusts for a particular influence. Our results suggest that the most commonly used performance measures do just that. We should note that the goal of our paper is not to argue that mutual fund benchmark models should control for anomalies beyond market capitalization, book-to-market ratio, and momentum, for example, as in Carhart (1997). Our point is that, for whichever set of anomalies addressed in a model, adjusting for both the factor betas and stock characteristics more fully controls for those influences than utilizing only one type of approach.
Our paper contributes to the literature on mutual fund performance that applies innovations from the broader empirical asset pricing literature. To this point, advancements have largely proceeded either by expanding the set of factors used in the regression model, as in the move from the one-factor model of Jensen (1968 Jensen ( , 1969 to the multi-factor models of Elton, et al. (1993) and Carhart (1997) , or by the more radical move to nonparametric benchmarks that control for stock holding characteristics, as in Daniel, Grinblatt, Titman, and Wermers (1997) .
Our paper is the first to incorporate both approaches in one measure to produce an estimate of performance that more comprehensively controls for influences that are not necessarily attributable to manager skill. Moreover, our analysis provides new insight into how traditional performance measures attribute performance, while at the same time raising questions regarding what constitutes genuine skill. Finally, since we base our new measure on actual fund shareholder returns, rather than returns estimated from periodic disclosures of fund portfolio holdings, we capture several effects that standard characteristic-based measures miss, including intra-quarterly fund activity, transaction costs, and trading skill (Kacperczyk, Sialm, and Zheng (2008) and Puckett and Yan (2011) ).
The remainder of the paper proceeds as follows. Section I motivates the paper's methodology. Section II describes the data sample and variables. Section III presents the empirical results. Section IV concludes.
I. Methodology

A. Asset Pricing Motivation
Conventional asset pricing proposes a risk-return trade-off where greater expected returns require greater systemic risk. Within the empirical mutual fund literature, a fund's benchmark exposure defines the risk that drives most of the fund's return, and the convention is to interpret the remaining portion as manager skill. Jensen (1968 Jensen ( , 1969 , for example, evaluates fund manager performance as the intercept from a regression of excess fund returns on the excess returns of a stock market index.
Beginning with Ball and Brown (1968) , however, numerous studies identify empirical asset pricing anomalies, where stock characteristics other than market beta help explain the cross section of stock returns. A partial list of those characteristics include market capitalization (Banz (1977) ), book-to-market ratio (e.g., Fama and French (1992) ), and momentum (Jegadeesh and Titman (1993) 
where is the loading of stock j on factor k, is the risk premium associated with factor k, represents stock j's characteristic m, is the premium per unit of characteristic m, and is the zero-beta rate in excess of the risk-free rate.
In this paper, we use the insight from Brennan, Chordia, and Subramanyam's (1998) and Chordia, Goyal, and Shanken's (2013) stock analysis to examine the extent to which equity mutual fund returns relate to both factor loadings and fund portfolio holding characteristics.
Controlling only for factor loadings, as in Carhart (1997), or only for characteristics, as in DGTW, may overlook the other effect, and in so doing materially impacts estimates of fund manager skill. To control for both types of return influences, we express equation (1) 
where is the return of fund i, is the risk-free rate, is the loading of fund i on factor k, is the return of factor k, is fund i's portfolio value-weighted stock characteristic m, measures the average skill across all mutual funds in the industry, and measures the skill of fund i over the industry average. By construction, the cross-sectional average of equals zero.
We note that, as in Brennan, Chordia, and Subramanyam (1998), we assume , and set the risk premium of factor loadings equal to the expected excess return of their respective risk factors ( ).
B. Empirical Specification
Multi-factor models (e.g., Carhart (1997)) specify mutual fund returns as .
We can rewrite equation (3) as .
Combining equations (2) and (4) yields .
Equation (5) shows that the standard performance measure, , from a multi-factor model such as Carhart (1997) captures performance attributable to both fund exposure to stock characteristics and true fund skill. To control for the effects of stock characteristics, we define mutual fund double-adjusted performance as .
We define characteristic-driven performance as .
Empirically, we estimate the cross-sectional regression of equation (5) with ordinary least squares (OLS) and use to calculate the double-adjusted performance measure.
Under regularity assumptions, the estimated coefficient in equation (5) is unbiased, even though is estimated from equation (3) (see Brennan, Chordia, and Subramanyam (1998) ). To preview our later findings, using mutual fund data from 1980 to 2012, we find that the significantly differ from zero (which indicates the importance of the second stage adjustment), and, consequently, often differs from .
In particular, we calculate our double-adjusted performance measure based on the following two-step procedure. First, we compute alphas via the Carhart (1997) four-factor model over a 24-month estimation period, rolling this window a month at a time. 2 Second, for each month in our sample period, we regress cross-sectionally the four-factor alphas on fund portfolio holding characteristics using all sample funds in that month. We standardize each of the holding characteristics by subtracting its monthly cross-sectional mean before including them in the regressions. The demeaning procedure insures that the intercept of each monthly regression equals the cross-sectional mean of the four factor alphas, so that our second stage adjustment only affects relative performance ranking. Based on the cross-sectional regression estimates, we decompose the standard four factor alpha into two components: (i) double-adjusted performance, defined as the sum of the intercept and the residual of a fund from the cross-sectional regression, and (ii) characteristics-driven performance, the component attributable to exposure to stock characteristics. As in equations (6) and (7), the sum of these two components always equals the standard four-factor alpha.
II. Data and Variables
A. Data Description
We obtain our data from several sources. We take fund names, returns, total net assets (TNA), expense ratios, investment objectives, and other fund characteristics from the Center for (2010)). Our final sample consists of 3,126 unique actively-managed U.S. equity mutual funds and 400,914 fund-month observations.
B. Variable Construction
B.1. Fund Characteristics
To measure performance, we compute alphas using the Carhart (1997) four-factor model with fund net returns over a 24-month estimation period. We require a minimum of 12 monthly observations in our estimation. The four-factor model includes the CRSP value-weighted excess market return (Mktrf), size (SMB), book-to-market (HML), and momentum (UMD) factors from Ken French's website. 4 We also compute the Daniel et al. (DGTW, 1997) characteristic selectivity (CS) benchmark-adjusted return. We form 125 portfolios in June of each year based on a three-way quintile sort along the size (using the NYSE size quintile), book-to-market ratio, and momentum dimensions. The abnormal performance of a stock position is its return in excess of its DGTW benchmark portfolio, and the DGTW-adjusted return for each portfolio aggregates over all the component stocks using the most recent portfolio dollar value weighting.
Fund TNA is the sum of portfolio assets across all share classes of a fund. The variable Fund Age is the age of the oldest share class in the fund. Family TNA is the aggregate total assets under management of each fund in a fund family (excluding the fund itself). Expense
Ratio is the average expense ratio value-weighted across all fund share classes. We define fund cash flow as the average monthly net growth in fund assets beyond capital gains and dividends (e.g., Sirri and Tufano (1998)).
B.2. Portfolio Holding Characteristics
For each stock in a fund's portfolio, we obtain stock-level characteristics from CRSP and COMPUSTAT, including market capitalization, book-to-market ratio, past six-month cumulative return, and the Amihud (2002) We calculate the book-to-market ratio of a firm as the book value of equity (assumed to be available six months after the fiscal year end) divided by previous month-end market capitalization. We take book value from COMPUSTAT supplemented by the book values from Ken French's website. We winsorize the book-to-market ratios at the 0.5% and 99.5% levels to eliminate outliers, although our results are not sensitive to this winsorization. We define momentum as the six-month cumulative stock return over the period from month t -7 to t -2.
For a given stock, we calculate the Amihud (2002) illiquidity measure as the average ratio of the daily absolute return to its dollar trading volume over all trading dates in a month, adjusting for NASDAQ trading volume as in Gao and Ritter (2010) . Following Acharya and Pedersen (2005), we normalize the Amihud ratio to adjust for inflation and truncate it at 30 to reduce the effect of outliers.
III. Empirical Analysis
A. Relation between Characteristics and Performance
To provide initial evidence that standard factor models imperfectly control for passive characteristics of the stocks held in fund portfolios, we examine the contemporaneous four-factor alpha of funds sorted into quintiles by their holding value-weighted average market capitalization, book-to-market ratio, six-month price momentum, or Amihud illiquidity measure. Table 1 , Panel A reports sample summary statistics for these characteristics. Of these characteristics, all except the Amihud illiquidity measure are addressed in the four-factor model.
Here, we include illiquidity in our analysis because the empirical asset pricing literature (e.g., Amihud and Mendelson (1986) and Acharya and Pedersen (2005)) finds a statistically significant cross-sectional relation between stock liquidity and returns (i.e., less liquid stocks show greater returns, on average).
[Insert Table 1 about here]
Each month beginning with the 24 th month during our 1980-2012 sample period, we sort by average portfolio holding characteristics during a 24-month time period and examine the standard four-factor alpha estimated over that same 24-month period. To the extent that the fourfactor model controls for influences related to market capitalization, book-to-market ratio, and price momentum via the Fama-French SMB, HML, and UMD factor loadings, we would not expect any significant relation between fund four-factor alpha and the characteristic quintile for market capitalization, book-to-market ratio, and six-month price momentum. Since there is a 23-month overlap in the estimation periods of two consecutive monthly alpha measures, we compute t-statistics of the differences between the top and bottom quintiles with Newey-West correction for time-series correlation with 12 lags.
5 Table 1 , Panel B reports the average four-factor alpha (each computed from 24 monthly returns) for each quintile. The results indicate that for sorts associated with all four characteristics, the difference between the top quintile (which includes funds that hold stocks of the greatest market capitalization, book-to-market ratio, six-month price momentum, or illiquidity) and the bottom quintile (which includes funds that hold stocks with the smallest market capitalization, book-to-market ratio, six-month price momentum, or illiquidity) is statistically significant at the five percent level or lower. The magnitude of these differences is economically large. For instance, funds in the bottom quintile of holding stock size have an annualized four-factor alpha that is 1.1 percent (t-stat.=2.53) higher than funds in the top quintile.
Funds in the top quintile of holding stock momentum have an annualized four-factor alpha that is 2.9 percent (t-statistic=5.41) higher than funds in the top quintile. That is, funds show higher four-factor performance by passively loading on characteristics, even when those characteristics are explicitly addressed in the four-factor model.
Funds holding smaller cap and higher six-month price momentum stocks show higher four-factor alphas than funds holding larger cap or lower six-month price momentum stocks.
These results suggest that the four-factor model under-adjusts for influences related to market capitalization and momentum. That is, funds with small cap stock (high six-month price momentum) holdings outperform despite the SMB (UMD) control factor, which sets a higher than average hurdle for funds that hold small cap (high momentum) stocks. By contrast, the book-to-market results indicate that funds that hold stocks with high book-to-market ratios underperform funds that hold stocks with low book-to-market ratios, which suggests that the four-factor model over adjusts for influences related to book-to-market. Since the four-factor model does not include a liquidity factor, it is not surprising that the liquidity results in the last column of Panel B indicate that the four-factor model does not adjust well for illiquidity (i.e., funds holding less liquid stocks show greater performance than funds holding more liquid stocks).
To more formally examine the relation between standard factor model alphas and the characteristics of the funds' stock holdings, we regress cross sectionally the fund alphas used in Table 1 on the 24-month average of fund holding characteristics. That is, ,
where represents lagged fund holding characteristics, including portfolio value-weighted measures of market capitalization, book-to-market ratio, six-month price momentum, or illiquidity. For , we examine four-and five-factor model performance, where the five-factor specification adds the Pástor and Stambaugh (2003) liquidity factor to the Carhart (1997) fourfactor model. The results in the prior section demonstrate an important shortcoming in standard multifactor abnormal performance estimates, insofar as they attribute skill to passive exposure to common characteristics. Our double adjustment procedure helps to alleviate this issue by removing from the factor model performance estimate performance attributable to characteristics.
In this section, we examine the extent to which the second adjustment in our two-stage procedure affects performance. We begin by estimating the fraction of standard alphas that is driven by exposure to characteristics. Later, we estimate the difference in fund percentile performance rankings before and after the second adjustment. That is, we examine the economic difference between standard performance measures (i.e., the first stage in our double-adjustment procedure) and our new performance measure.
In Section I, we show that standard factor model abnormal performance estimates can be decomposed into the sum of our new double-adjusted performance estimate and the portion of performance attributable to exposure to characteristics. Consequently, for a given fund, we can estimate the fraction of its standard performance measure that is attributable to characteristics, i.e., the ratio of the characteristic-driven component to the standard estimate, ,
with the remaining fraction, , attributable to double-adjusted performance. This ratio is difficult to interpret, however, when the two components of skill are of different sign. As an extreme example, when the two components are equal in magnitude but of opposite sign, the ratio in equation (9) is undefined. Consequently, we focus on the subset of fund observations where the two components have the same sign, and we report statistics for this subset of funds in Table 3 , Panel A. We find that the median ratio defined by equation (9) across our sample is 0.24. That is, characteristics account for roughly a quarter of traditional four-factor abnormal performance estimates for a typical fund, conditional on the two components being the same sign.
[Insert Table 3 Here, we examine persistence over both long and short post-ranking periods. We examine persistence in standard alpha performance measures as well as the two components of performance defined in equations (6) and (7), i.e., our double-adjusted measure and the component attributable to characteristics. To the extent that our double-adjusted measure of performance is a cleaner estimate of genuine skill, analyzing both components of performance will indicate whether evidence of persistence is attributable to fund manager skill or to passive effects attributable to characteristics.
C.1. Short Term Persistence
We begin with short-term persistence, where we examine whether performance during a ranking period persists to the next month after (i.e., the one month post-ranking period). Each month, we sort into deciles based on performance measures estimated over the 24-month time period ending that month. We sort based on four different performance measures: standard fourfactor alpha, the two components of standard performance, and, for comparison purposes, the average DGTW CS measure. For performance during the post-ranking month, we use standard four-factor performance, which we estimate by taking the difference between the realized fund return and the sum of the product of the standard four-factor betas estimated during the 24-month sorting period and the factor returns during the post-ranking month. performance, rather than the characteristic-based DGTW measure, because four-factor performance utilizes actual shareholder returns, rather than a proxy for returns gleaned from fund portfolio holdings. We compute t-statistics of the differences between the top and bottom postranking quintiles with Newey-West correction for time-series correlation with three lags. Table 4 shows the short-term persistence results. The table reports the one-month postranking performance estimates, averaged across all post-ranking periods. The results show strong evidence of persistence in the standard four-factor alpha. The 6.23 percent annualized difference in post-ranking top-bottom performance is both statistically and economically significant. We also find strong persistence in the double-adjusted performance measure, with a statistically significant 6.19 percent annualized top-bottom post ranking return difference that accounts for almost all of the return difference in the standard four-factor alpha. By contrast, the returns associated with characteristics do not persist. The difference between the top and bottom postranking returns is small in magnitude and is not significantly different from zero. To the extent that a fund's stock holding characteristics are an artifact of their investment style, rather than an active choice of the fund manager, our results suggest that short-term persistence is attributable to persistence in genuine fund manager skill.
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[Insert Table 4 about here]
We also find statistically significant positive performance in the top post-ranking decile sorted by standard alpha or double-adjusted measure. That is, funds that performed well in the past produce statistically significant positive abnormal performance of approximately 2.3-2.5 percent annualized over the subsequent month. This result suggests that the evidence of shortterm persistence is not solely attributable to persistence in the poorly performing funds.
Lastly, we find that the DGTW CS performance measure predicts future four-factor fund performance, with a statistically significant 2.34 percent difference between the top and bottom post-ranking deciles. Note, however, that this difference represents less than half the postranking difference associated with double-adjusted performance ranks. Together with the other persistence results, this evidence suggests that controlling for both risk factors and characteristics provides a cleaner picture of fund manager skill, insofar as such controls produce a performance measure that more closely aligns with future performance.
As a robustness test, we examine short-term persistence by regressing cross-sectionally the post-ranking monthly standard four-factor alpha on the ranking period performance, , ,
where is the four-factor alpha or 24-month average DGTW CS measure, or on both the ranking period double-adjusted alpha and characteristic-related alpha, .
In some specifications, we include as regressors, which represent fund-level control variables (e.g., fund TNA, age, expense ratio, fund flow, and family TNA The regression results very much coincide with the decile analysis of short term persistence. The DGTW CS measure also strongly predicts future post-ranking alpha (t-statistic = 3.44), although the relation appears to be weaker than the relation between double-adjusted performance and post-ranking alpha, also consistent with the decile results in Table 4 . The last three columns of the table show that this result is not sensitive to the inclusion of several control variables. Our interpretation is that the double-adjusted performance measure captures genuine fund skill, which persists over time, and persistence in this component of alpha leads to persistence in standard four-factor alpha. The characteristics-related component does not persist over time, probably because the characteristic premia of size, value, and momentum time vary.
[Insert Table 5 about here]
C.2. Long Term Persistence
We turn next to long-term persistence. We use the same set of performance estimates that we use in the short-term persistence analysis. We aggregate the ranking period alphas in each calendar year (i.e., we average over the twelve months in a calendar year monthly alphas, each estimated over a 24-month window ending that month) and move the ranking period forward by one-year at a time. We keep the decile assignment constant for post ranking periods ranging from one to ten years and compute mean returns each month for each decile. We then estimate fourfactor alphas for each decile over each post ranking year using concatenated time series of postranking returns (similar to Carhart (1997)). For example, we base one-year post ranking period performance on 32 annual ranking periods (each year from 1980 to 2011) and a concatenated set of one-year post-ranking periods (each year from 1981 to 2012), where each post-ranking period immediately follows its ranking period. We base the tenth-year post-ranking performance on the concatenated set of 23 post-ranking periods (from 1990 to 2012) that begin the tenth year after the ranking period. Table 6 shows the long-term persistence results. The alternative panels reflect decile sorting based on the same four alternative performance measures used in Table 4 , and we compute four-factor alphas for each decile using net fund returns unless mentioned otherwise.
Panel A sorts based on standard four-factor alpha; Panel B sorts based on double-adjusted alpha;
Panel D sorts based on characteristic-driven alpha; and Panel E sorts based on 36-month average DGTW CS performance measure. In Panel C, we report results for sorts based on doubleadjusted alpha similar to Panel B, but we compute alphas for each decile using gross fund returns (i.e., where we add one-twelfth of the annual expense ratio back to the shareholder return). The results for each post-ranking year reflect non-cumulative post-ranking periods, so that the year ten results reflect performance only during the tenth year after the initial ranking, rather than the performance across all ten post-ranking years.
[Insert Table 6 evidence of statistically significantly greater performance (at the one or five percent significance level) in past winning funds compared to past losing funds. We find similar evidence on gross fund returns in Panel C, which suggests that such performance persistence is not due to differences in fund expense ratios. Thus, after removing the portion of performance attributable to the characteristics of portfolio holdings, we find stronger evidence of performance persistence.
To the extent that the double-adjusted measure provides a more precise estimate of genuine fund skill, we document new evidence that mutual fund skill persists over long periods of time. Using a four-factor model, Carhart (1997) found little evidence of persistence in mutual fund performance in the five years after ranking by four-factor alpha. 8 By contrast, our new measure shows evidence of persistence through the ninth post-ranking year. Note, however, that, in contrast to the short-term persistence results, the evidence of persistence is largely driven by the poorly-performing funds, as the top decile in Panel B fails to produce statistically significant positive abnormal returns during any post-ranking year.
Regardless of the post-ranking year, the results in Panel D show no evidence of persistence in the portion of standard alpha attributable to characteristics. These results help to explain why we see stronger evidence of persistence in the double-adjusted measure than in the standard four-factor alpha. In particular, the standard alpha includes performance attributable to characteristics, which does not persist. The combination of genuine skill that does persist (as in Panels B and C) plus characteristic-driven performance that does not persist (as in Panel D)
produces the weaker evidence of persistence that we see in Panel A.
In Panel E, we see no relation between the DGTW CS performance measure and future long-term four-factor performance, as none of the post-ranking years show a statistically significant difference in four-factor performance between the top and bottom deciles. Our longterm CS persistence results are consistent with Daniel, Grinblatt, Titman, and Wermers (1997), who also find no relation between the CS measure and future fund performance. Similar to the short-term persistence results, these long-term persistence results highlight the importance of controlling for both risk factors and characteristics when trying to extract a signal for future performance. Carhart's (1997) analysis of standard four-factor performance (e.g., see Carhart's (1997) Figure   4 ).
[Insert Figure 1 about here]
D. Impact on Prior Studies on Industry Concentration, Return Gap, Active Share, and R-squared
Beyond studies of performance persistence, many other analyses examined in the recent mutual fund literature emphasize relative performance, especially relating it to a specific fund feature (rather than stock characteristic). In this section, we examine whether the inference one takes away from these analyses can be sensitive to more fully controlling for fund holding characteristics. Given the prevalence of this type of analysis in the mutual fund literature, numerous suitable candidates for examination exist. We focus on the following four recent studies: Kacperczyk, Sialm, and Zheng (2005, 2008) We begin by examining the performance implications of these four studies and replicate some of the main analyses. In particular, we examine the relation between each of the measures and fund performance using four-factor alpha as our baseline measure of performance. By utilizing the four-factor alpha for baseline performance, we can also relate the various fund measures to the two components of performance, our double-adjusted measure and the portion of performance attributable to characteristics. Relating the fund measures to the two components of performance will help disentangle which of the two components drives the main findings. To examine the relation between the various measures and fund performance, we sort funds into quintiles based on each measure each month and then examine the subsequent performance of the quintiles. For performance during the post-ranking month, we use four-factor alpha calculated as the difference between the realized fund return and the sum of the product of the factor betas estimated over the previous 24-month and the factor returns during the month.
D.1. Industry Concentration
We begin with the industry concentration index of Kacperczyk, Sialm, and Zheng (2005) .
We compute this index as the sum of the squared deviations of the value weights for each of ten different industries held by the mutual fund, relative to the industry weights of the total stock market. We impose a three-month lag between the industry concentration measure and subsequent performance, consistent with the original study. For example, we relate industry concentration as of the end of March to performance during July. Table 7 , Panel B1 shows the industry concentration quintile results. First, we find slightly weaker evidence of a correspondence between industry concentration and standard four-factor alpha compared to the original study, probably due to differences in sample period. However, statistically, the strongest results indicate a relation between industry concentration and the subsequent performance associated with fund stockholding characteristics. That is, funds with the highest industry concentration show the greatest characteristic-based performance. By contrast, we see no significant relation between industry concentration and double-adjusted performance. These results suggest that, rather than proxying for fund skill, industry concentration proxies for stockholding characteristics that produce higher standard four-factor alphas.
[Insert Table 7 about here]
D.2. Return Gap
The return gap measure (Kacperczyk, Sialm, and Zheng (2008) ) is the difference between fund gross returns and holdings-based returns. We compute gross fund returns by adding onetwelfth of the year-end expense ratio to the monthly net fund returns during the year. We calculate the holdings-based gross portfolio return each month as the return of the disclosed portfolio by assuming constant fund portfolio holdings from the end of the previous quarter. For our analysis of the return gap, we sort based on the average return gap over the prior year, consistent with the original study, and then examine performance over the following month.
The results in Table 7 , Panel B2 indicate that the return gap is positively related to subsequent double-adjusted fund performance, with a statistically significant difference between the top and bottom post-ranking performance deciles. The results also indicate that the return gap is not related to the characteristic-driven component of fund performance. These results are consistent with the interpretation that the return gap proxies for an unobserved action of the fund manager that affects performance not attributable to exposure to stock characteristics. That performance could relate to transaction costs and interim trading activity (e.g., stock picking, timing the entry or exit of positions, or unusual trading ability), but cannot be attributed to the size, book-to-market, or price momentum of fund holdings. Our findings, therefore, are consistent with the authors' original interpretations of their results.
D.3. Active Share
We next examine the relation between fund active share (Cremers and Petajisto (2009)) and performance. Active share captures the percentage of a manager's portfolio that differs from its benchmark index. It is calculated by aggregating the absolute differences between the weight of a portfolio's actual holdings and the weight of its closest matching index. Here we sort into active share quintiles each month and examine performance of the quintiles during the following month. The results in Panel B3 of Table 7 indicate a statistically significant relation between active share and the performance driven by the characteristics of the fund stock holdings. By contrast, we see little correspondence between active share and double-adjusted fund performance. Thus, the significant relation between active share and standard four-factor alpha is driven by the characteristic-related component, rather than fund skill (i.e., performance unrelated to characteristics). Greater deviations from one's benchmark produces performance that our results tie back to stock characteristics, but that is not necessarily associated with stock-picking skill.
D.4. R-squared
Finally, we examine the relation between R-squared (Amihud and Goyenko (2013)) and performance. We obtain a fund's R-squared from regressing its excess returns on the returns of the Carhart four-factor model over a 24-month estimation period. Each month, we sort our sample funds into R-squared quintiles and examine performance of the quintiles over the following month. Panel B4 of Table 7 shows the results. Similar to the industry concentration and active share results, the R-squared results show a significant relation (here the relation is an inverse one) between R-squared and the characteristic component of performance, rather than double-adjusted performance. A low R-squared indicates fund returns are not well explained by the four factors of the regression model, which the original study interprets as high fund selectivity. One could hypothesize that characteristics help explain stock returns in instances where factors do not well explain fund returns, and that could lead to the strong inverse relation we find between R-squared and the characteristic component of performance.
D.5. Prior Studies Robustness Test
As a robustness test, we use cross-sectional regressions to examine the same relations between the various fund features and performance that we examined via quintiles in Table 7 .
We regress future monthly performance on each of the four fund measures, ,
where refers to fund i's standard four-factor alpha, double-adjusted performance measure from equation (6), or characteristic component of performance from equation (7) for month t, and represents fund i's lagged industry concentration index, return gap, active share, or log transformed R-squared. 9 We examine alternative specifications that exclude and include fund-level control variables, denoted by in equation (12). Table 8 reports the cross-sectional regression coefficients averaged across time along with Fama-Macbeth t-statistics with Newey-West correction for time-series correlation with three lags. The inference that we take away from the cross-sectional results closely match the quintile analysis interpretations associated with Table 7 . Without fund-level controls, industry concentration, active share, and R-squared are statistically significantly related to the characteristic component of performance, but not to double-adjusted performance. Any significant relation between these measures and standard performance, therefore, appears to be driven by the portion of standard performance attributable to stock holding characteristics. By contrast, the return gap significantly relates to double-adjusted performance. Our results are
9 Following Amihud and Goyenko (2013), we use the logistic transformation of R-squared in our regressions since the distribution of R-squared is skewed towards 1.0. Results using non-transformed R-squared are qualitatively similar.
qualitatively similar if we examine the relation between the various measures and future performance with a standard set of control variables as additional regressors.
[Insert Table 8 about here]
E. Investor Cash Flows
Lastly, we examine which component of fund performance investors respond to. To do so, we examine the cross-sectional relation between fund cash flows and the alternative performance estimates at the annual level. Following Sirri and Tufano (1998), we define fund cash flow as the average monthly net percentage growth in fund assets beyond capital gains and dividends. It reflects the percentage growth of a fund in excess of the growth that would have occurred with no new inflow and had all dividends been reinvested. We then regress cross sectionally annual cash flow estimates on prior annual return or four-factor alpha, ,
or on both the prior annual double-adjusted alpha and characteristic-related alpha, ,
where represents fund i's return or four-factor alpha, and represent fund i's annual net flow estimate. Similar to our earlier regressions, we include the fund-level control variables, , as regressors in some specifications.
The results in Table 9 suggest strong relations between all of the alternative performance measures and subsequent cash flows. Fund investors do not show a strong preference for a particular type of performance and invest in funds that show relatively higher net returns, regardless of the source of those returns.
[Insert Table 9 about here]
IV. Conclusion
Many mutual fund studies incorporate both factor model regressions and characteristic benchmarks in their performance analyses. But by estimating the alternative measures separately, rather than in a unified framework, each performance estimate only partially controls for passive influences on fund returns. Motivated by recent developments in the empirical asset pricing literature, we advocate adjusting for both factor exposure and stock characteristics simultaneously in one measure.
We find that stock characteristics drive roughly a quarter of a fund's four-factor alpha, an amount that, when taken away, can dramatically impact the inference drawn from a sample of performance estimates. When we re-examine several recent mutual fund analyses that emphasize relations between specific fund features and relative performance, we find that, quite often, the feature correlates with performance attributable to stock characteristics of the fund's portfolio holdings, rather than the skill that remains after controlling for those effects. At the very least, more fully controlling for the impact of characteristics can alter how one interprets the results of studies that emphasize relative performance.
By more fully controlling for passive effects associated with stockholding characteristics and by utilizing actual fund shareholder returns rather than proxies based on periodic disclosures of fund portfolio holdings, we argue that our double-adjusted performance measures provide a cleaner estimate of genuine fund manager skill. We find that this new proxy for mutual fund skill persists much longer than standard measures, up to nine years in our analysis, and thereby provides a clearer signal of future performance that may be beneficial to investors.
Figure 1. Long-term persistence
The figure shows cumulative post-ranking performance of select deciles during a ten-year post-ranking period for funds sorted by double-adjusted performance during the initial ranking period. The horizontal axes show the postranking month number. 
where represents lagged fund holding characteristics, including portfolio value-weighted measures of market capitalization, book-to-market value, six-month price momentum, or illiquidity. Panel A reports Carhart (1997) four-factor alpha results, and Panel B reports five-factor alpha results, with Carhart (1997) 
and the fraction of double-adjusted performance, . Panel B reports statistics that describe the change in performance percentile from standard four-factor alpha to the double-adjusted measure. The results reflect 397,590 fund observations over a 1980-2012 sample period. The table reports mean annualized post-ranking percentage four-factor alphas for funds sorted into deciles based on performance during a 24-month ranking period. The four-factor alpha in the post-ranking month is calculated as the difference between the realized fund return and the sum of the product of the factor betas estimated over the previous 24-month and the factor returns during the month. We compute t-statistics of the differences between the top and bottom deciles with Newey-West correction for time-series correlation with three lags. ** 
or on both past double-adjusted alpha and past characteristic related alpha, .
The last three columns include fund-level control variables. We estimate the t-statistics in parenthesis as in Fama and MacBeth (1973) The table reports mean annualized post-ranking percentage four-factor alphas from net fund returns for funds sorted into deciles based on four-factor alpha (Panel A), double-adjusted performance (Panel B), characteristics performance (Panel D), or DGTW CS measure (Panel E). Panel C reports annualized postranking percentage four-factor alphas from gross fund returns for funds sorted based on double-adjusted performance. The post-ranking performance measure, four-factor alpha, for each decile over each post ranking year is the intercept of the regression of the concatenated time series over the entire sample period of post-ranking monthly fund returns on Mktrf, SMB, HML, and UMD factor returns. *, **, and *** indicate statistical significance at the ten, five, and one percent level respectively. The results comprise 384 individual post-ranking monthly observations over a 1980-2012 sample period. 
where represents fund i's four-factor alpha, double-adjusted alpha, or characteristic-related alpha, and represents fund i's industry concentration index (ICI, Panel A), return gap (Panel B), active share (Panel C), or log transformed R-squared (log TR-sq, Panel D). We estimate the regressions with and without fund level control variables. We estimate the t-statistics in parenthesis as in Fama and MacBeth (1973) with Newey-West correction for time-series correlation with three lags. *, **, and *** indicate statistical significance at the ten, five, and one percent level respectively. The results reflect 396 individual monthly regressions over a 1980-2012 sample period. Table 9 . Cash Flow Regressions
The table reports mean coefficients from annual cross-sectional regressions of fund cash flow on past four-factor alpha, ,
or on both past double-adjusted alpha and past characteristic-related alpha, .
The last three columns show results where the regressions include fund-level control variables. We estimate the tstatistics in parenthesis as in Fama and MacBeth (1973) 
